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~3,300 m

3D FE 6 vertical layers !!!
10 years – 10 hours

Barros&Lettenmaier, MWR, 1993
Barros&Lettenmaier, IAHS,127, 1993
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TRMM Error Climatology Appalachians
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Spatial Organization
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Appalachians
IPHEx

IPHEx Campaign 2014 
ACHIEVE (NASA GSFC) 

Duke H2F

SMPS/CCN

Markus Petters (NCSU)
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Ø Aerosol-cloud-precipitation interactions
Ø Operational hydrology 

ROE/SFI



Measured reflectivity factor

Low Level Rainfall

Arulraj and Barros, RSE, 2019

“Physically-Based Retrieval



No Clutter 
Height

Arulraj and Barros, RSE, 2019

Next
• Map Ku-PR  to MRMS
toward  inferring objective 
constrains for model
configuration 

NUBF



MRMS ≠ 0 MRMS = 0

Ku-PR ≠ 0 YY
1972 (7.0%)

FA
779 (2.8%)

Ku-PR = 0 MD
917 (3.3%)

NN
24,438 
(86.9%)

Radar Observing Geometry Convolved with Regional Weather 



Clustering of MRMS “Rainy” Reflectivity Profiles

Cluster-1 Cluster-2

Cluster-3 Cluster-4

Cluster 1 – Low level light precipitation (78% MD)
Cluster 2 – Low-level enhanced system (26% MD)
Cluster 3 – Bright-band profiles (16% MD)
Cluster 4 – Deep and Heavy (1% MD)

For global applications, do models capture this behavior?



Correlation coefficient vs Lag in RG rain-rate

HRRR Model Browser - Storm Prediction Center

WEST

INNER

EAST

3 km, hourly

https://www.spc.noaa.gov/exper/hrrr/


HRRR 4-year Climatology
500m Rain-Rate

Duan and Barros, 2017



Trust (Yes/No) model for precipitation detection (reduce no rain bias) 
– Integrating GPM and HRRR

GMI Calibrated 
brightness 

temperature

HRRR 
Average and number of Rain-
water mixing ratio within 1.5 

km AGL

HRRR 
Average and number of 
Snow-water mixing ratio 

within 1.5 km AGL 

HRRR 
Average and number of 

Graupel mixing ratio within 
1.5 km AGL 

Random Forest Classifier 

Rain No-Rain

(89GHz)

Arulraj and Barros, in prep



Classification 
algorithm

Convolutional 
Layer

Filters - 4
Dropout – 0.5

Maximum Pooling
Size-2 Flatten Fully 

Connected 
Layer

Fully Connected 
O/P LayerInput

Calibrated 
brightness 

temperature -
GMI

Measured reflectivity factor: 
10 features extracted from 

autoencoders

Clutter height
0° C height

Strom top height

Cluster-1

Cluster-2

Cluster-3

Cluster-4

Convolution Neural Network Model

Rain Profiles

MRMS Classes

Arulraj and Barros, in prep



Example
MRMS Precipitation Rate GPM Ku-PR Precipitation Rate

Classification label from MRMS Model predicted Classification label

UND,MD



Actual
Model Prediction

C1 C2 C3 C4

C1 572 82 66 2

C2 169 346 140 25

C3 35 82 406 107

C4 2 40 112 552

ØReduction of 75% in False Alarms
ØReduction of 84% in Missed Detection

Arulraj and Barros, in prep

Results

BONUS



Elevation

Spatial Correlation RG301
Network

DoI:10.5067/GPMGV/IPHEX/GAUGES/DATA401



StageIV IPHEx RQPE.1

1mm/hr 1mm/hr

False Alarm rate False Alarm rate
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Independent validation against disdrometers
suggests  problems in the valleys

DoI:10.5067/GPMGV/IPHEX/GAUGES/DATA401
Liao and Barros, 2019

GHRC



Id

Play resolution: 
5mins

Liao and Barros, in prep

Physically-Based Dynamic Corrrection



IPHEX Reference V1

+ Dynamic Correction

250 m,  5 min 

Liao and Barros, in prep 





18:00 UTC 18:00 UTC

September 16, 2018 – 18 UTC 


